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ENFORCING FAIRNESS ON UNLABELED
DATA TO IMPROVE MODELING
PERFORMANCE

PRIORITY INFORMATION

This application is a continuation of U.S. patent applica-
tion Ser. No. 16/781,945, filed Feb. 4, 2020, which claims
benefit of priority to U.S. Provisional Application Ser. No.
62/851,481, entitled “Enforcing Fairness on Unlabeled Data
to Improve Modeling Performance,” filed May 22, 2019,
and which are incorporated herein by reference in their
entirety.

BACKGROUND
Field of the Disclosure

This disclosure relates to generating data sets to improve
classification performance in machine learning.

Description of the Related Art

Machine learning systems are increasingly employed to
improve decision making in business applications, but when
machine learning systems participate in decision making in
certain domains, such as credit or employment, there is a
need to ensure that the system is free of bias, often according
to rules and definitions set forth by regulatory bodies in
those domains. Indeed, bias in this context often refers to
some measure of discrepancy between the behavior of a
machine learning system and mathematical rules established
by these external regulatory bodies. Machine learning mod-
els are often developed using training data that themselves
were created with unintended biases. This manifests as bias
in results when the models are applied.

Existing approaches include training the classifier with
some form of fairness constraint on the training data or
perform postprocessing at test time to enforce fairness. In
either case, enforcing fairness is thought to decrease accu-
racy, and the consensus is there is a trade-off between
fairness and accuracy. Hence, the only available solution to
this problem is to find the appropriate balance between
fairness and accuracy.

SUMMARY

A trained classifier with enforced fairness may be gener-
ated, in various embodiments, using a data set for training
with known characteristics including a known amount of
label bias, a known discrepancy between rarity of features
and a known amount of selection bias. In some embodi-
ments, unlabeled data points of input data comprising unob-
served ground truths are labeled according to the amount of
label bias and the input data sampled according to the
amount of selection bias and the control for the discrepancy
between the rarity of features to produce the data set. The
classifier is then trained using the data set as well as
additional unlabeled data points and training parameters
including the amount of label bias, the discrepancy between
rarity of features and the amount of selection bias. The
trained classifier is then usable to determine unbiased clas-
sifications of one or more labels for one or more other data
sets.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 1 is a block diagram of an exemplary machine
learning system, according to some embodiments.
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FIG. 2A is a flow diagram illustrating methods and
techniques for generating an unbiased classifier, according
to some embodiments.

FIG. 2B is a flow diagram illustrating methods and
techniques for generating a data set for use in training an
unbiased classifier, according to some embodiments.

FIG. 3 is a flow diagram illustrating methods and tech-
niques for generating an unbiased classifier, according to
some embodiments.

FIG. 4 is a flow diagram illustrating methods and tech-
niques for training an unbiased classifier using a generated
data set, according to some embodiments.

FIGS. 5A-5C illustrate example classification perfor-
mance of differently trained classifiers for amounts of label
bias, according to some embodiments.

FIGS. 6A-6C illustrate example classification perfor-
mance of differently trained classifiers for amounts of
selected bias, according to some embodiments.

FIGS. 7A-7C illustrate further examples of classification
performance of differently trained classifiers for amounts of
label bias, according to some embodiments.

FIGS. 8A-8C illustrate further examples of classification
performance of differently trained classifiers according to
amounts of selection bias, according to some embodiments.

FIG. 9 illustrates an example data generator for simulat-
ing data to ensure fairness on unlabeled data, according to
some embodiments.

FIG. 10 illustrates an example computing system, accord-
ing to some embodiments.

While the disclosure is described herein by way of
example for several embodiments and illustrative drawings,
those skilled in the art will recognize that the disclosure is
not limited to embodiments or drawings described. It should
be understood that the drawings and detailed description
hereto are not intended to limit the disclosure to the par-
ticular form disclosed, but on the contrary, the disclosure is
to cover all modifications, equivalents and alternatives fall-
ing within the spirit and scope as defined by the appended
claims. Any headings used herein are for organizational
purposes only and are not meant to limit the scope of the
description or the claims. As used herein, the word “may” is
used in a permissive sense (i.e., meaning having the poten-
tial to) rather than the mandatory sense (i.e. meaning must).
Similarly, the words “include”, “including”, and “includes”
mean including, but not limited to.

Various units, circuits, or other components may be
described as “configured to” perform a task or tasks. In such
contexts, “configured to” is a broad recitation of structure
generally meaning “having circuitry that” performs the task
or tasks during operation. As such, the unit/circuit/compo-
nent can be configured to perform the task even when the
unit/circuit/component is not currently on. In general, the
circuitry that forms the structure corresponding to “config-
ured to” may include hardware circuits. Similarly, various
units/circuits/components may be described as performing a
task or tasks, for convenience in the description. Such
descriptions should be interpreted as including the phrase
“configured to.” Reciting a unit/circuit/component that is
configured to perform one or more tasks is expressly
intended not to invoke 35 U.S.C. § 112(f) interpretation for
that unit/circuit/component.

This specification includes references to “one embodi-
ment” or “an embodiment.” The appearances of the phrases
“in one embodiment” or “in an embodiment” do not neces-
sarily refer to the same embodiment, although embodiments
that include any combination of the features are generally
contemplated, unless expressly disclaimed herein. Particular
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features, structures, or characteristics may be combined in
any suitable manner consistent with this disclosure.

DETAILED DESCRIPTION OF EMBODIMENTS

Various techniques for enforcing fairness on unlabeled
data to improve modeling performing are described herein.
Machine learning systems often make use of several datasets
and a variety of different learning algorithms such as word
embeddings, classification, clustering, learning to rank
(LTR), and so on. When these systems are employed to
improve systems, services, or other applications (e.g., busi-
ness decision-making, consumer product recommendations,
analytics, security, etc.), they are used in decision making
that in certain domains, for example in financial or employ-
ment domains, may need to ensure freedom from bias often
according to rules and definitions set forth by regulatory
bodies in those domains. For example, in some embodi-
ments, bias may refer to some measure of discrepancy
between the behavior of a machine learning system and
mathematical rules established by these external regulatory
bodies.

Building machine learning models so that they are not
only accurate but also free of bias is therefore important,
especially as these models increasingly guide decisions that
affect people’s lives. In conventional machine learning mod-
els accuracy decreases as fairness, or absence of bias,
improves but this generalization is often counter-intuitive.
For example, certain personal attributes such as race, age,
gender or religion, which may in some contexts be consid-
ered protected classes, may be unrelated to, for example, a
person’s job qualification status. Therefore, enforcing fair-
ness by reducing or eliminating bias across these attributes
in these circumstances may increase accuracy. On the other
hand, if a machine learning classifier produces, for example,
job qualification rankings dependent on the values of such
attributes, then it may be the case that there is an opportunity
to improve accuracy of the classifier.

In various embodiments, machine learning classifiers may
produce results containing bias dependent on unrelated
attributes due to the machine learning models being devel-
oped using training data created with unintended biases.
Two possible sources of unintended bias may include label
bias and selection bias, in some embodiments. Label bias
may occur, in some embodiments, when the process that
produces the labels, for example a manual annotation pro-
cess or a decision making process, is influenced by factors
that are not germane to the determination of the label value,
and thus might differ from ideal, unbiased labels. Accuracy
may be measured against any such biased labels should be
considered carefully. Selection bias may occur, in some
embodiments, when selecting a subsample of data in such a
way that introduces unexpected correlations between
samples. For example, if the subsample selection were to
produce an unexpected correlation between a personal attri-
bute and the target label, then selection bias may be present.
Training data, which may usually be derived via selection
from a larger set of unlabeled data and subsequently frozen
in time, may be especially prone to this selection bias.

Various techniques for enforcing fairness on unlabeled
data may improve modeling performance when an account-
ing is made for the unintended biases in the training data
used. In various embodiments, techniques for enforcing
fairness on unlabeled data may improve the accuracy of
machine learning classifiers. For instance, in some embodi-
ments, these techniques may harness bias constraints over
large quantities of unlabeled data as additional training
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signals for the training of machine learning models. These
embodiments may result in classifiers with improvements in
both absence of bias and accuracy, even if the training data
itself contains a large amount of bias, where the amount of
bias is expressed as a percentage of possible bias. Moreover,
such techniques may have advantages over existing methods
for enforcing fairness, such as in-processing, which fail
when exposed to selection bias.

FIG. 1 is a block diagram of an exemplary Machine
Learning System 100 according to some embodiments. The
Machine Learning System 100 may include a Classifier 110
which applies a Machine Learning Model 115 to User Data
120 to produce Classified User Data 125 including generated
unbiased classifications of the user data. The Machine
Learning Model 115 may be generated in various embodi-
ments of a Model Generator 130 as discussed further in
FIGS. 2A and 3 below.

Embodiments of the Machine Learning System 100 gen-
erating unbiased classifications of user data may be useful in
a wide variety of environments including, for example,
business decision-making, consumer product recommenda-
tions, analytics, security, business an personal financial
decisions, advertising, etc. Examples of applications incor-
porating fair machine learning classifiers may include
human resources, credit authorization, financial transac-
tions, public and private web-based services such as adver-
tising and security and any number of other applications
where fairness of decision-making is of importance.

To generate the Machine Learning Model 115, the
Machine Learning System 100 may also include a Model
Generator 130 which employs semi-supervised learning
utilizing Training Data 140 that includes both Labeled
Samples 144 and Unlabeled Samples 142, as discussed in
FIGS. 5-8 below. The Model Generator 130 may addition-
ally use Training Parameters 146 which are used in some
embodiments by Sampler 160 in the generation of the
Labeled Samples 144 from Unlabeled Data 150 for which
values of unbiased labels may be known, as discussed
further in FIGS. 5-8 below.

Those skilled in the art will recognize that the Machine
Learning System 100 may in some embodiments be imple-
mented using a single computing system such as shown in
FIG. 10 below or using a distributed computing system
including multiple computing systems as shown in FIG. 10.
Other embodiments the Machine Learning System 100 may
use different computing systems or distributed computing
systems to implement some or all of the respective Sampler
160, Model Generator 130 and Classifier 110 components of
the Machine Learning System 100 and that various means of
communicating between the respective components may be
employed including, for example, network interfaces, stor-
age devices, user interface devices and application program-
ming interfaces. In some embodiments, for example, first
and second distributed computing systems may be employed
to respectively implement the Sampler 160 and Model
Generator 130 components of the Machine Learning System
100. In these embodiments, the Training Data 140 and the
Training Parameters 146 may be communicated from the
first distributed system via network communications or
using shared storage. In other embodiments, Training
Parameters 146 may be communicated via a user interface or
through an application programming interface (API) to both
the Sampler 160 implemented on a first system and to the
Model Generator 130 implemented on the second system,
with the Training Data 140 generated by the Sampler 160
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and shared using a network storage service. The above
examples, however, of are merely illustrative and are not
intended to be limiting.

By employing semi-supervised learning techniques with
knowledge of the Training Parameters 146, used in creation
of the Labeled Samples 144 of the Training Data 140, the
Model Generator 130 may generate a Machine Learning
Model 115 with both improved fairness and accuracy, as is
shown further in FIGS. 5-8 below.

FIG. 2A is a flow diagram illustrating a techniques for
generating an unbiased classifier, according to some
embodiments. In some embodiments, a machine learning
system, such as the Machine Learning System 100, as
discussed in connection with FIG. 1, may perform the below
techniques. In other embodiments, other systems such as
data collection or aggregation systems, data stream process-
ing systems, or other systems, services, or applications that
may obtain information that may be used to generate a data
set for training a machine learning classifier. As indicated at
200, a data set, such as Training Data 140, may be generated
from samples of input data, such as Labeled Samples 144, of
a feature space that includes multiple feature dimensions
using parameters, such as Training Parameters 146, that
include an amount of label bias, an amount of selection bias,
and a control for discrepancy between rarity of features. In
some embodiments, the feature dimensions may be binary,
or two valued, dimensions while in other embodiments, one
of more of the feature dimensions may include more than
two possible values while other dimensions are binary. FIG.
2B, discussed below, describes further details and tech-
niques for generating the data set.

As indicated at 210, an unbiased classifier, such as the
Classifier 110, may be trained using the generated data set,
resulting in a trained classifier that determines unbiased
classifications of one or more labels, such as Classified User
Data 125, when applied to data sets such as User Data 120.
The training of the unbiased classifier using the data set by
the machine learning system is discussed in further detail in
FIG. 4 below. As indicated at 220, a trained, unbiased
classifier model, such as the Machine Learning Model 115,
may then be provided.

For example, in some embodiments a machine learning
classifier for identifying potential job candidates may be
employed. Associated with the classifier is a requirement
that candidate selections be made without bias with respect
to personal attributes of the candidates, for example the
gender of the candidates. In this example embodiment, a
data set is generated from samples of input data according to
training parameters that control amounts of bias with respect
to the gender of the candidates. This bias may be manifest
in both the labeling of the protected attribute, i.e. gender, and
other attributes of each candidate. Using this generated data
set, along with the training parameters, the classifier is
trained to determine job candidates absent bias with respect
to gender.

FIG. 2B is a flow diagram illustrating methods and
techniques for generating a data set for use in training an
unbiased classifier, according to some embodiments. In
some embodiments, a machine learning system, such as the
Machine Learning System 100, as discussed in connection
with FIG. 1, may perform the below techniques. In other
embodiments, other systems such as data collection or
aggregation systems, data stream processing systems, or
other systems, services, or applications that may obtain
information that may be used to generate a data set for
training a machine learning classifier. As indicated in opera-
tion 202 unlabeled data points of input data, for which
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values of unbiased labels are known or may be determined,
such as Unlabeled Data 150, may be labeled according to a
specified amount of label bias. As values of unbiased labels
of the input data are known or may be determined, an
amount of label bias may be simulated according to a
specified amount of label bias. The labeling of unlabeled
data according to a specified amount of label bias is dis-
cussed in further detail in FIGS. 5-8 below.

As indicated in operation 204, the labeled input data may
be sampled according to a specified amount of selection bias
and a specified control for a discrepancy between rarity of
features to produce labeled samples of the data set such as
Labeled Samples 144. This sampling of labeled input data
specified amount of selection bias and a specified control for
a discrepancy between rarity of features is discussed in
further detail in FIGS. 5-8 below. The amount of label bias,
amount of selection bias and specified control for a discrep-
ancy between rarity of features may in some embodiments
be portions of the Training Parameters 146, as discussed in
connection with FIG. 1. These parameters may be specified
any number of means in various embodiments. In some
embodiments, these parameters may be specified by a user
via a programmatic request or through an application pro-
gramming interface (API) while in other embodiments the
parameters may be determined automatically, for example
through analysis of data or though selection of one of a
sequence of possible training parameters. Those skilled in
the art will appreciate, however, that the above examples of
sources of training parameters are merely illustrative and are
not intended to be limiting. The machine learning system
then adds, in operation 206, additional unlabeled data to the
data set, such as Unlabeled Data 142. At this point the
generation of the data set is complete.

FIG. 3 is a flow diagram illustrating methods and tech-
niques for generating an unbiased classifier, according to
some embodiments. In some embodiments, a machine learn-
ing system, such as the Machine Learning System 100, as
discussed in connection with FIG. 1, may perform the below
techniques. In other embodiments, other systems such as
data collection or aggregation systems, data stream process-
ing systems, or other systems, services, or applications that
may obtain information that may be used to generate a data
set for training a machine learning classifier. As indicated at
300, labeled samples, such as Labeled Samples 144, may
include an amount of label bias, an amount of selection bias,
and a discrepancy between rarity of features. Training
parameters including an amount of label bias, an amount of
selection bias, and a discrepancy between rarity of features,
may be determined from the labeled samples. In some
embodiments, these parameters may be previously known
characteristics of the labeled samples, while in other
embodiments the parameters may be specified by a user via
a programmatic request or through an application program-
ming interface (API). In still other embodiments the param-
eters may be determined through programmatic analysis of
the labeled samples. Those skilled in the art will appreciate,
however, that the above examples of sources of training
parameters are merely illustrative and are not intended to be
limiting.

As indicated at 310, a data set, such as Training Data 140,
may be generated from labeled samples and from unlabeled
samples, such as Unlabeled Samples 142, taken from unla-
beled data such as Unlabeled Data 150.

As indicated at 210 of FIG. 3, an unbiased classifier, such
as the Classifier 110, may be trained using the generated data
set and the generated training parameters, resulting in a
trained classifier that determines unbiased classifications of
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one or more labels, such as Classified User Data 125, when
applied to data sets such as User Data 120. The training of
the unbiased classifier using the data set by the machine
learning system is discussed in further detail in FIG. 4
below. As indicated at 220, a trained, unbiased classifier
model, such as the Machine Learning Model 115, may then
be provided.

For example, in some embodiments a machine learning
classifier for identifying potential job candidates may be
employed. Associated with the classifier is a requirement
that candidate selections be made without bias with respect
to personal attributes of the candidates, for example the
gender of the candidates. In this example embodiment,
labeled samples with amounts of bias with respect to the
gender of the candidates is used to generate training param-
eters. These amounts of bias may be previously known or
may be determined through programmatic analysis of the
labeled samples. Using these generated training parameters
along with a data set including the labeled samples and
additional unlabeled data, the classifier is trained to deter-
mine job candidates absent bias with respect to gender.

FIG. 4 is a flow diagram illustrating methods and tech-
niques for training an unbiased classifier using the generated
data set of FIG. 2A, according to some embodiments. In
some embodiments, a machine learning system, such as the
Machine Learning System 100, as discussed in connection
with FIG. 1, may perform the below techniques. In other
embodiments, other systems such as data collection or
aggregation systems, data stream processing systems, or
other systems, services, or applications that may obtain
information that may be used to generate a data set for
training a machine learning classifier. As shown in operation
410, a metric may be determined to ensure unbiased clas-
sification of labels. This metric may include a fairness, or
bias, constraint derived from a statistical parity of selection
rates, in some embodiments.

For example, given S={x;},_," as a set of n unlabeled
samples, then a selection rate of f,, is defined as

_ 1
Tu®==>" _ fulw)

n

where we R # is a set of weights from a k dimensional real
valued feature space. For unlabeled samples D, parti-

tioned into the protected (P ") and unprotected (P %)
partitions, where the protected partition includes features for
which fairness may be controlled and the unprotected par-

tition includes remaining features, such that D =D ~u

D Y, the selection rate ratio

~

[ Dla)
(D!

B

~

§C

w

in some embodiments may be desirable to be as close to one
as possible.

In some embodiments, the above definition may be made
more amenable to optimization by making it differentiable
with respect to the set of weights w. In particular, analogous
to F.(S), define

1
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to be the average probability of the set when assigning each
example x; to the positive class y,=1. Then, the group
fairness loss in some embodiments over the unlabeled data
may be

€D =G DD 7.

The determining of a metric to ensure classification of
unbiased labels in some embodiments is discussed in further
detail in FIGS. 5-8 below. Those skilled in the art will
appreciate, however, that the above examples of metrics to
ensure unbiased classification of labels are merely illustra-
tive and are not intended to be limiting. Indeed, other bias
constraints derived from statistical measures other than
parity of selection rates may be desirable and any number of
suitable metrics may be envisioned.

As shown in operation 420, the classifier may then be
trained using the data set, including the labeled data points
and unlabeled data points, as well as the determined metric
using semi-supervised learning techniques resulting in a
trained classifier that determines unbiased classifications of
one or more labels, as discussed in further detail in FIGS.
5-8 below.

Semi-Supervised Learning to Improve Both Fairness and
Accuracy

In some embodiments, machine learning classifiers may
be trained in a supervised manner in which the classifier is
trained labeled samples to assign high probability to
observed ground-truth labels for each input sample. In some
embodiments, semi-supervised techniques, such as posterior
regularization (PR) or generalized expectation criterion
(GE), may be performed to supplement labeled samples with
additional unlabeled samples. In order to make use of this
unlabeled data, which does not include ground-truth labels,
prior knowledge may be utilized to specify a type of
constraint or expectation that the machine learning system
must satisfy over these unlabeled samples. If this prior
knowledge correlates with higher accuracy, then forcing the
classifier to satisfy the constraint or expectation on unla-
beled data may improve the accuracy, in various embodi-
ments.

Using a formal framework to describe various scenarios,
such as probably approximately correct (PAC) learning, a

data distribution D and labeling function f, may be used,
either of which could be biased. For example, due to

selection bias a flawed data distribution D' may occur in
various embodiments and due to label bias a flawed labeling
function f' may occur in various embodiments. Different
regimes may be derived from this in various embodiments,

the data distribution being biased (D) or not biased (D)
and the labeling function being biased (f') or not biased (f).
Embodiments in fair machine learning that consider only the
regime in which neither is biased may lead to conclusions
assuming the regime in which neither is biased and unfair-
ness may arise precisely because the assumptions are flawed.

In various embodiments, techniques accounting for both
label and selection bias may be implemented so that the
resulting machine learning classifiers have both improved
fairness and accuracy. As unbiased, unobserved labels are
difficult to obtain, the simulation of datasets may be per-
formed to expose the actual unbiased labels for evaluation in
various embodiments. Theoretical results on semi-super-
vised PAC learning indicate that these techniques may be
successful when there is compatibility between a semi-
supervised signal and the data distribution, and in various
embodiments a semi-supervised technique that exploits fair-
ness constraints expressed over large quantities of unlabeled
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data may be implemented to build these improved classifi-
ers. Implementing such embodiments may lead to scenarios
where, as fairness improves, so does accuracy. Moreover, in
various embodiments the semi-supervised approach may
successfully overcome label bias and may also overcome
selection bias on the training set, unlike other fairness
techniques.

Unlike machine learning techniques that assume the exis-
tence of unbiased labels as a way of evaluating fairness with
disparate mistreatment that focuses on new fairness metrics,
in various embodiments the techniques for ensuring fairness
for unlabeled data, as described herein, may successfully
control for label bias. For example, simulating data for
which the values of the unbiased labels are known may
allow control of the degree of the bias. Furthermore, even
with biased labels in some embodiments, fairness and accu-
racy are not necessarily in tension when there is skew in the
training set due to another feature like selection bias.

As noted above, two types of biases that lead to unfair
machine learning models may include label bias and selec-
tion bias, in some embodiments. Label bias may occur when
the observed class labels, say, on the training and testing set,
are influenced by attributes like the personal attributes
discussed above. For example, the labels in the dataset might
be the result of hiring decisions for each job candidate. It is
known that this hiring process is sometimes biased with
respect to personal attribute dimensions such as race, age
gender or religion. Since decisions might be influenced by
these personal attributes (or other attributes that have no
bearing on the class label), this implies there may be a
hypothetical set of latent unobserved labels corresponding to
decisions that were not influenced by these attributes. In the
discussion that follows these unobserved unbiased labels
may be represented as z. Observed biased labels may be
represented as y. Access to observed bias labels may be for
training and testing some classification models.

Selection bias in various embodiments may occur when
the method employed to select some subset of the overall
population biases or skews the subset in unexpected ways.
For example, this may occur if selecting based on some
attribute that inadvertently correlates with the either target
labels or an attribute such as the example personal attributes
discussed above. Training sets may be vulnerable to such
bias in various embodiments because, for the sake of manual
labeling expedience, they are small subsamples of the origi-
nal unlabeled data points. Moreover, this situation may be
compounded since most available labeled datasets are stati-
cally frozen in time and are thus also selectionally biased
with respect to time. For example, in natural language
processing (NLP), the particular topical subjects or the
entities mentioned in newswire articles change over time,
thus the entities discussed in political discourse at a particu-
lar moment in time may be differ from entities discussed in
other time periods. To reduce bias in various embodiments,
the discrepancy between the training data of the past and the
available data of the present may increasingly differ with
regard to selection bias. Indeed, selection bias might mani-
fest such that, on a relatively small training set, the data
examples that were selected for labeling happen to show
bias in various embodiments against a protected class, for
example a personal attribute as discussed above.

In some embodiments, a binary classifier g,:R “—{0,1}

parameterized by a set of weights we R #is a function from
a k dimensional real valued feature space, which is often in
practice binary, to a binary class label. A probabilistic model
P..(*IX) parameterized by the same w underlies the classifier
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in the sense that the classifier may perform classification by
selecting the class label (0 or 1) that maximizes the condi-
tional probability of the label y given the data point x

&wlx) = argmax p(y | x)
y€{0,1}

In some embodiments, the classifier may then be trained
in the usual supervised manner by training the underlying
model to assign high probability to each observed label y, in
the training data D, ={{(x,, y,)li=1 . . . n} given the
corresponding example x;, by minimizing the negative log
likelihood:

W= argman(Wi>eDn —log p,,(ys | x2)

weRk

In some embodiments, the above objective function may

include unlabeled data D, ={x,},_,” to make the training of
the classifier semi-supervised. In particular, we add a new

term to the loss, C (D, w), with a weight o to control the
influence of the unlabeled data over the learned weights:

W = argmin| —lo; | x|+ CWDyn, w
o (D e, 082U 50) + CDU

Approaches to define this new loss term C over the
unlabeled data may be performed in such a way that
improves both fairness and accuracy of the trained classifier.

In various embodiments, fairness may be employed in the
part of the loss term that exploits the unlabeled data. Various
different definitions of fairness may be implemented. One
such example a particular type of fairness constraint may be
derived from the statistical parity of selection rates, in some
embodiments.

For a set of n unlabeled examples S={x,},_,", the selection
rate of a classifier £, is

_ 1
TS =53 fw.

If data (D ) is partitioned into the protected (D7) and

unprotected (DY) partitions such that D =D #u

D U then the selection rate ratio

un °

)

(D)
(D)

w

)

w

may be desirable in some embodiments to be as close to one
as possible. However, to make the above scenario more
amenable to optimization, this definition of fairness in some
embodiments may be relaxed to make it differentiable with
respect to the set of weights w. In particular, analogous to

_ 1
TSP ==0  pulr=1]3)
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may be the average probability of the set when assigning
each example x, to the positive class y=1 in some embodi-
ments. The group fairness loss over the unlabeled data,
which when plugged into the equation for W above, then
yields an instantiation of the proposed semi-supervised
training technique discussed herein, is

€D ,.w=G.D 5D 07

In various embodiments, parity may be achieved at zero,
which may encode that overall, the probability of assigning
one group to the positive class may on average be the same
as assigning the other group to the positive class. This loss
may have the property that it is differentiable with respect to
the set of weights w so it may be more easily optimized,
along with the supervised term of the objective, making it
easy to implement in some embodiments in existing
machine learning toolkits.

In various embodiments, data may be simulated in such a
way that the various types of bias may be controlled, then
controlled biases may be accounted for during evaluation to
make known the unbiased labels in the training set. In some
embodiments, a technique for generating simulated data
may exhibit various properties. First, the unobserved unbi-
ased labels z, may not statistically depend on the example’s
status as protected p, and only on its other input features x,.
Second, the protected status p may not depend on any
features x;. Third, the observed biased labels y, may be
biased to depend on the protected status p by an amount
controlled by the experimental parameter B, which may be
varied in the experiments. Thus, in some embodiments, the
following statistical properties may be enforced:

zxllp yhp
zHx  yHz

Where I (respectively, f) are the familiar symbols for
expressing statistical independence (respectively, depen-
dence) of random variables. Note that when selection bias is
introduced in some embodiments, it may violate some of
these independence assumptions (between p and z, x) but in
a controlled manner so that it may be shown to what extent
the unlabeled data is corrected as the amount of selection
bias is varied. In an example application, 20-dimensional
binary input features x; may be generated and unless other-
wise stated, 200 training examples, 1000 testing examples
and 10,000 unlabeled examples. Note that 200 training
examples may be reasonable since it means that n>>k as is
usually required for training machine learning models. Yet,
at the same time, it is small enough to allow for the weights
of some of the rarer features to be under-fit as may be typical
in many applications of machine learning. Also, unless
otherwise stated, the expected protected to unprotected class
ratio is even at 50/50.

In various embodiments, a traditional supervised classifier
trained on biased label data, a supervised classifier trained
on unbiased label data, a random baseline in which labels are
sampled according to the biased label distribution in the
training data, and two fair classifiers may be implemented.
In some embodiments, the first fair classifier may be an
in-processing classifier in which fairness is utilized as part of
the objective on the training data. In some embodiments, the
second fair classifier may be a semi-supervised classifier that
utilizes a fairness loss on the unlabeled data.

20

25

30

35

40

45

50

55

60

65

12

In some embodiments, fairness may be assessed with a
group metric that computes the ratio of the selection rates of
the protected and unprotected classes, as discussed above
with regard to the equation,

)

(o)

(D)

w

)

w

A score of one may be considered perfectly fair. This
definition is symmetric so a score above one is considered
unfair.

In FIGS. 5-8, to assess accuracy, a weighted macro F1 is
computed in some embodiments, which may be the macro
average weighted by the relative portion of examples
belonging to the positive and negative classes. F1 may be
evaluated with respect to both the observed biased labels and
the unobserved unbiased labels. The mean and standard
error of these various metrics may be computed over dif-
ferent applications (e.g., ten applications with ten randomly
generated datasets).

To investigate whether improving fairness also improves
accuracy in the classic setting in which the training, testing
and unlabeled data all come from the exact same distribu-
tion, the amount of label bias along the abscissa may be
varied and report various classifier (e.g., supervised (biased)
classifiers 510a, 520a, 530a, 610a, 620a, 630a, 710a, 720a,
730a, 810a, 820a, and 830a, supervised+fair (biased) clas-
sifiers 5100, 520b, 5305, 610, 6200, 630b, 7105, 7200,
730b, 810b, 820h, and 830b, semi supervised (biased)
classifiers 510¢, 520¢, 530c, 610c¢, 620c, 630c, 710c¢, 720c¢,
730c¢, 810c¢, 820c, and 830c, supervised (unbiased) classifi-
ers 510d, 5104, 530d, 610d, 6204, 6204, 710d, 720d, 7304,
810d, 820d, and 830, and random (biased) classifiers 510e,
520¢, 530¢, 610¢, 620¢, 630¢, 710¢, 720¢, 730¢, 810¢, 820¢,
and 830e in FIGS. 5-8) characteristics (e.g., F1 score against
unbiased labels as illustrated in elements 510, 610, 710, and
810 F1 score against biased labels as illustrated in elements
520, 620, 720, and 820, and fairness as illustrated in ele-
ments 530, 630, 730, and 830, in FIGS. 5-8 respectively). In
various embodiments, classifiers may be trained on the
biased labels except for the supervised (unbiased) classifier,
which may be trained on the unbiased labels that are
ordinarily not available for training. This classifier serves, in
a sense, as an upper bound, and is thus not affected by the
amount of label bias unless evaluated against it. The super-
vised (biased) classifier represents the usual unfair classifier
that is trained on the biased labels without additional fair-
ness constraints. In some embodiments, two fair classifiers
may be trained, one that uses fairness constraints as a
regularizer on the test set and the other that uses fairness
constraints as a semi-supervised learning signal on unla-
beled data.

The mean and standard error may be reported over ten
randomly generated datasets for each condition illustrated in
FIG. 7, discussed below. Results consistent with a theory in
which fairness and accuracy are in tension may show that the
closer a classifier’s fairness score is to one, the lower the F1
score of the classifier. By first comparing each classifier’s
fairness (730 in FIG. 7) and then their respective biased F1
score (720 in FIG. 7), we see that this is indeed the case. For
example, the supervised classifier trained on biased data is
less fair and more accurate than the two fair classifiers. In
contrast, when making the same comparison, but this time
accounting for label bias by evaluating the respective clas-
sifier’s F1 scores with respect to the unbiased labels (FIG.
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7a), we see the exact opposite result. A result, in fact,
consistent with the finding that fairness improves accuracy.

In element 720 of FIG. 7, the biased labels may be
construed as actual unbiased ground-truth. In this interpre-
tation, an all equal assumption fails to hold to increasingly
large degrees along the x-axis. In this scenario initially, the
fair classifiers (that enforce the all equal assumption) are
robust to the incorrect assumption, but eventually succumb
when the degree to which it is violated exceeds about 20%.

In other applications, the label bias may be fixed, sub-
jecting the training data to various amounts of selection bias
by lowering the probability that a data example with a
positive label is assigned to the protected class. This intro-
duces correlations in the training set between the protected
class and the input features as well as correlations with both
the unbiased and biased labels. These correlations do not
exist in the test set and unlabeled set which may be assumed
to not suffer from selection bias. In various applications,
selection bias may be varied along the abscissa while
keeping the label bias at a constant 20%, and report the same
metrics as before. FIG. 8 illustrates results of these appli-
cations.

The results illustrated in FIG. 8 may be indicate that (a)
fairness and accuracy are in accord and (b) that the semi-
supervised method successfully harnesses unlabeled data to
correct for the selection and label bias in the training data
while the in-processing fairness method succumbs to the
difference in data distribution between training and testing.

It might be expected that the traditional fairness-agnostic
supervised classifier would learn the statistical dependence
between the protected attributes and the target label and
translate them to the evaluation data at test-time. For
example, 830 in FIG. 8 shows that the classifier becomes
increasingly unfair as selection bias increases. Likewise, the
classifier becomes increasingly inaccurate, although even-
tually plateaning, when evaluated not only against the unbi-
ased labels, as illustrated at 810, but also the biased labels,
as illustrated at 820. Thus, the examples may show that
fairness and accuracy are in accord and that being unfair
against the protected class reduces overall accuracy.

If fairness is enforced in some embodiments with the
usual in-processing technique supervised+fair (biased) 8324
that employs the fairness loss term as a “regularizer” on the
training set, the classifier learns to overcompensate propor-
tionally, as seen at 830, since the training set exhibits
varying degrees of selection bias. Again the classifier 8325
becomes increasingly unfair, but this time in favor of the
protected class, rather than against it, as represented by
classification fairness values above one. Moreover, as seen
in the corresponding accuracy plots 8126 and 822b, this
decrease in fairness corresponds to a concomitant decrease
in accuracy. Again, fairness and accuracy are in accord,
being unfair against the unprotected class reduces overall
accuracy.

In another embodiment, the performance of the proposed
semi-supervised method may be considered. Again, return-
ing to the same set of plots, we see that regardless of the
amount of selection bias, the semi-supervised method suc-
cessfully harnesses the unbiased unlabeled data to rectify the
selection bias, as seen by the flat fairness curve achieving a
nearly perfect classification fairness 832c¢. Moreover, this
improvement in fairness over the two previously mentioned
supervised baselines is associated with a corresponding
increase in accuracy relative to those same baselines (812¢
and 822¢), regardless of whether it is evaluated with respect
to biased (20% label bias) or unbiased labels (0% label bias).
Note that the all equal assumption is violated as soon as it
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is evaluated against biased labels. Moreover, label bias
induces a correlation between the protected class and the
target label, which is a common assumption for analysis
showing that fairness and accuracy are in tension. Yet, the
finding that accuracy and fairness are in accord remains
intact because selection bias infiltrated the classifier causing
a dip in its achievable maximum accuracy. Possibly due to
the same effect, the semi-supervised method outperforms the
supervised baseline that is trained on unbiased labels.

In various embodiments, generated simulated data may be
used to show that if label and selection bias are not
accounted for, classification results may indicate that accu-
racy and fairness are in tension. However, as soon as one or
both of these phenomena are accounted for, fairness and
accuracy may be in accord. Moreover, the semi-supervised
method of enforcing fairness appears to perform better than
other classifiers considered. Indeed, the semi-supervised
method performs well under varying degrees of different
types of bias.

In various embodiments, techniques for simulating data
may be performed in such a way that the various type of
biases may be controlled and accounted for during evalua-
tion, since the unobserved ground-truth labels necessary for
doing so may be known.

To simulate the dataset, samples of the input data points
%, independently and identically distributed from a binary
feature space of multiple dimensions, may be taken in some
embodiments. The sampling may be performed such that
some dimensions contain common features while others
contain rare features in effort to reflect real-world datasets,
in some embodiments. For example, each dimension i may
be sampled according to a Bernoulli distribution propor-
tional to

—

making some dimensions common and others rare.

The parameters of a data generator for simulated data in
various embodiments may be 3 the amount of label bias, T,
which controls the discrepancy between the rarity of fea-
tures, and o, which controls the ratio between members of
the protected and unprotected class. Another parameter may
also be implemented that controls the amount of selection
bias. The observed samples x, may be sampled independent
of protected status, where protected status is either protected
(p=1) or not protected (p=0), to ensure that protected status
and input features are not statistically dependent. Next, the
unobserved unbiased labels z from x, may be sampled while
ignoring the protected status p, to ensure that the label is
indeed unbiased. Finally, the observed biased labels y may
be sampled in a way to make them dependent on the class
labels p,, a dependency strength controlled by B. More
precisely:

Ween ~ N(0, L)

pi ~ Bernoulli (@)

. 1 T
x! ~Bernoulli(—) for j=0,...,k-2
j+1

z; = max(O, sign(wT

genX + 1)

Vi~ 8@ pis B
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where g is the label bias function, parameterized by B, the
amount of label bias to introduce, and is a function of the
protected dimension and the unobserved unbiased labels z;,
and defined as

1 —p; if Bernoulli (8)
z; otherwise

gz, pi; B) ={

In various embodiments, the function may return the
unbiased labels with probability 1—B, but otherwise works
against examples of the protected class by assigning their
labels to 0, and for all other examples by assigning their
labels to 1. FIG. 9 illustrates for a Bayesian network
representation of the generator.

Representative System

FIG. 10 illustrates a computing system configured to
implement the methods and techniques described herein,
according to various embodiments. The computer system
1000 may be any of various types of devices, including, but
not limited to, a personal computer system, desktop com-
puter, laptop or notebook computer, mainframe computer
system, handheld computer, workstation, network computer,
a consumer device, application server, storage device, a
peripheral device such as a switch, modem, router, etc., or in
general any type of computing device.

The mechanisms for implementing enforcing fairness on
unlabeled data to improve modeling performance on a
computing system, as described herein, may be provided as
a computer program product, or software, that may include
a non-transitory, computer-readable storage medium having
stored thereon instructions, which may be used to program
a computer system (or other electronic devices) to perform
a process according to various embodiments. A non-transi-
tory, computer-readable storage medium may include any
mechanism for storing information in a form (e.g., software,
processing application) readable by a machine (e.g., a com-
puter). The machine-readable storage medium may include,
but is not limited to, magnetic storage medium (e.g., floppy
diskette); optical storage medium (e.g., CD-ROM); mag-
neto-optical storage medium; read only memory (ROM);
random access memory (RAM); erasable programmable
memory (e.g., EPROM and EEPROM); flash memory;
electrical, or other types of medium suitable for storing
program instructions. In addition, program instructions may
be communicated using optical, acoustical or other form of
propagated signal (e.g., carrier waves, infrared signals, digi-
tal signals, etc.)

In various embodiments, computer system 1000 may
include one or more processors 1070; each may include
multiple cores, any of which may be single or multi-
threaded. Each of the processors 1070 may include a hier-
archy of caches, in various embodiments. The computer
system 1000 may also include one or more persistent storage
devices 1060 (e.g. optical storage, magnetic storage, hard
drive, tape drive, solid state memory, etc.) and one or more
system memories 1010 (e.g., one or more of cache, SRAM,
DRAM, RDRAM, EDO RAM, DDR 10 RAM, SDRAM,
Rambus RAM, EEPROM, etc.). Various embodiments may
include fewer or additional components not illustrated in
FIG. 10 (e.g., video cards, audio cards, additional network
interfaces, peripheral devices, a network interface such as an
ATM interface, an Ethernet interface, a Frame Relay inter-
face, etc.)

The one or more processors 1070, the storage device(s)
1050, and the system memory 1010 may be coupled to the
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system interconnect 1040. One or more of the system
memories 1010 may contain program instructions 1020.
Program instructions 1020 may be executable to implement
various features described above, including a data generator
1022 as discussed above with regard to FIG. 5 and
classifier(s) 1024 that may perform the various analysis on
simulated data as discussed above with regard to FIGS. 1-4,
in some embodiments as described herein. Program instruc-
tions 1020 may be encoded in platform native binary, any
interpreted language such as Java™ byte-code, or in any
other language such as C/C4++, Java™, etc. or in any
combination thereof. System memories 1010 may also con-
tain LRU queue(s) 1026 upon which concurrent remove and
add-to-front operations may be performed, in some embodi-
ments.

In one embodiment, Interconnect 1090 may be configured
to coordinate [/O traffic between processors 1070, storage
devices 1070, and any peripheral devices in the device,
including network interfaces 1050 or other peripheral inter-
faces, such as input/output devices 1080. In some embodi-
ments, Interconnect 1090 may perform any necessary pro-
tocol, timing or other data transformations to convert data
signals from one component (e.g., system memory 1010)
into a format suitable for use by another component (e.g.,
processor 1070). In some embodiments, Interconnect 1090
may include support for devices attached through various
types of peripheral buses, such as a variant of the Peripheral
Component Interconnect (PCI) bus standard or the Universal
Serial Bus (USB) standard, for example. In some embodi-
ments, the function of Interconnect 1090 may be split into
two or more separate components, such as a north bridge and
a south bridge, for example. In addition, in some embodi-
ments some or all of the functionality of Interconnect 1090,
such as an interface to system memory 1010, may be
incorporated directly into processor 1070.

Network interface 1050 may be configured to allow data
to be exchanged between computer system 1000 and other
devices attached to a network, such as other computer
systems, or between nodes of computer system 1000. In
various embodiments, network interface 1050 may support
communication via wired or wireless general data networks,
such as any suitable type of Ethernet network, for example;
via telecommunications/telephony networks such as analog
voice networks or digital fiber communications networks;
via storage area networks such as Fibre Channel SANs, or
via any other suitable type of network and/or protocol.

Input/output devices 1080 may, in some embodiments,
include one or more display terminals, keyboards, keypads,
touchpads, scanning devices, voice or optical recognition
devices, or any other devices suitable for entering or retriev-
ing data by one or more computer system 1000. Multiple
input/output devices 1080 may be present in computer
system 1000 or may be distributed on various nodes of
computer system 1000. In some embodiments, similar input/
output devices may be separate from computer system 1000
and may interact with one or more nodes of computer system
1000 through a wired or wireless connection, such as over
network interface 1050.

Those skilled in the art will appreciate that computer
system 1000 is merely illustrative and is not intended to limit
the scope of the methods for providing enhanced account-
ability and trust in distributed ledgers as described herein. In
particular, the computer system and devices may include any
combination of hardware or software that may perform the
indicated functions, including computers, network devices,
internet appliances, PDAs, wireless phones, pagers, etc.
Computer system 1000 may also be connected to other
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devices that are not illustrated, or instead may operate as a
stand-alone system. In addition, the functionality provided
by the illustrated components may in some embodiments be
combined in fewer components or distributed in additional
components. Similarly, in some embodiments, the function-
ality of some of the illustrated components may not be
provided and/or other additional functionality may be avail-
able.

Those skilled in the art will also appreciate that, while
various items are illustrated as being stored in memory or on
storage while being used, these items or portions of them
may be transferred between memory and other storage
devices for purposes of memory management and data
integrity. Alternatively, in other embodiments some or all of
the software components may execute in memory on another
device and communicate with the illustrated computer sys-
tem via inter-computer communication. Some or all of the
system components or data structures may also be stored
(e.g., as instructions or structured data) on a computer-
accessible medium or a portable article to be read by an
appropriate drive, various examples of which are described
above. In some embodiments, instructions stored on a com-
puter-accessible medium separate from computer system
1000 may be transmitted to computer system 800 via
transmission media or signals such as electrical, electromag-
netic, or digital signals, conveyed via a communication
medium such as a network and/or a wireless link. Various
embodiments may further include receiving, sending or
storing instructions and/or data implemented in accordance
with the foregoing description upon a computer-accessible
medium. Accordingly, the present invention may be prac-
ticed with other computer system configurations.

Although the embodiments above have been described in
considerable detail, numerous variations and modifications
will become apparent to those skilled in the art once the
above disclosure is fully appreciated. It is intended that the
following claims be interpreted to embrace all such varia-
tions and modifications.

What is claimed:

1. A method, comprising:

training, by a machine learning system comprising at least

one processor and a memory, a classifier that, when

applied to one or more data sets determines classifica-

tions of one or more labels for the one or more data sets,

the training comprising:

labeling unlabeled data according to a specified amount
of bias to generate labeled data comprising the
specified amount of bias, wherein the specified
amount of bias comprises one or more of a specified
amount of label bias and a specified amount of
selection bias in at least one dimension of a plurality
of label dimensions;

generating a training data set comprising samples of the
labeled data and additional unlabeled data; and

training the classifier according to the generated train-
ing data set and training parameters comprising an
indication the specified amount of bias.

2. The method of claim 1, wherein the specified amount
of bias comprises the specified amount of label bias, and
wherein labeling the unlabeled data comprises labeling data
points of the unlabeled data, comprising unobserved ground
truths, according to the specified amount of label bias.

3. The method of claim 1, wherein the specified amount
of bias comprises the specified amount of selection bias, and
wherein generating the training data set comprises sampling
the labeled data according to the specified amount of selec-
tion bias.
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4. The method of claim 1, wherein the specified amount
of bias comprises the specified amount of label bias and the
specified amount of selection bias, and wherein the training
parameters comprise the specified amount of label bias, the
specified amount of selection bias and a specified control for
discrepancy between rarity of features.

5. The method of claim 4, wherein generating the training
data set comprises sampling the labeled data according to
the specified control for the discrepancy between the rarity
of features.

6. The method of claim 1, wherein the training of the
classifier comprises semi-supervised training.

7. The method of claim 6, wherein the semi-supervised
training comprises a metric to promote unbiased classifica-
tion of one or more labels based, at least in part, on the
additional unlabeled data points.

8. One or more non-transitory computer-accessible stor-
age media storing program instructions that when executed
on or across one or more processors cause the one or more
processors to implement a machine learning system to
perform:

training a classifier that, when applied to one or more data

sets determines classifications of one or more labels for

the one or more data sets, the training comprising:

labeling unlabeled data according to a specified amount
of bias to generate labeled data comprising the
specified amount of bias, wherein the specified
amount of bias comprises one or more of a specified
amount of label bias and a specified amount of
selection bias in at least one dimension of a plurality
of label dimensions;

generating a training data set comprising samples of the
labeled data and additional unlabeled data; and

training the classifier according to the generated train-
ing data set and training parameters comprising an
indication the specified amount of bias.

9. The one or more non-transitory computer-accessible
storage media of claim 8, wherein the specified amount of
bias comprises the specified amount of label bias, and
wherein labeling the unlabeled data comprises labeling data
points of the unlabeled data, comprising unobserved ground
truths, according to the specified amount of label bias.

10. The one or more non-transitory computer-accessible
storage media of claim 8, wherein the specified amount of
bias comprises the specified amount of selection bias, and
wherein generating the training data set comprises sampling
the labeled data according to the specified amount of selec-
tion bias.

11. The one or more non-transitory computer-accessible
storage media of claim 8, wherein the specified amount of
bias comprises the specified amount of label bias and the
specified amount of selection bias, and wherein the training
parameters comprise the specified amount of label bias, the
specified amount of selection bias and a specified control for
discrepancy between rarity of features.

12. The one or more non-transitory computer-accessible
storage media of claim 11, wherein generating the training
data set comprises sampling the labeled data according to
the specified control for the discrepancy between the rarity
of features.

13. The one or more non-transitory computer-accessible
storage media of claim 8, wherein the training of the
classifier comprises semi-supervised training.

14. The one or more non-transitory computer-accessible
storage media of claim 13, wherein the semi-supervised
training comprises a metric to promote unbiased classifica-
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tion of one or more labels based, at least in part, on the
additional unlabeled data points.
15. A system, comprising:
at least one processor;
a memory, comprising program instructions that when
executed by the at least one processor cause the at least
one processor to implement a machine learning system
configured to train a classifier that, when applied to one
or more data sets determines classifications of one or
more labels for the one or more data sets, wherein to
train the classifier the machine learning system is
configured to:
label unlabeled data according to a specified amount of
bias to generate labeled data comprising the specified
amount of bias, wherein the specified amount of bias
comprises one or more of a specified amount of label
bias and a specified amount of selection bias in at
least one dimension of a plurality of label dimen-
sions;

generate a training data set comprising samples of the
labeled data and additional unlabeled data; and

train the classifier according to the generated training
data set and training parameters comprising an indi-
cation the specified amount of bias.

16. The system of claim 15, wherein the specified amount

of bias comprises the specified amount of label bias, and

20

wherein labeling the unlabeled data comprises labeling data
points of the unlabeled data, comprising unobserved ground
truths, according to the specified amount of label bias.

17. The system of claim 15, wherein the specified amount
of bias comprises the specified amount of selection bias, and
wherein generating the training data set comprises sampling
the labeled data according to the specified amount of selec-
tion bias.

18. The system of claim 15, wherein the specified amount
of bias comprises the specified amount of label bias and the
specified amount of selection bias, and wherein the training
parameters comprise the specified amount of label bias, the
specified amount of selection bias and a specified control for
discrepancy between rarity of features.

19. The system of claim 18, wherein generating the
training data set comprises sampling the labeled data accord-
ing to the specified control for the discrepancy between the
rarity of features.

20. The system of claim 15, wherein the training of the
classifier comprises semi-supervised training, and wherein
the semi-supervised training comprises a metric to promote
unbiased classification of one or more labels based, at least
in part, on the additional unlabeled data points.
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